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Printed Neuromorphic Computing for Nano Computing (CDNC)

Ultra-Resource-Constrained Edge Intelligence

BACKGROUND MOTIVATION
Printed Electronics (PE) Problem Statement:

Printed Electronics has emerged as a promising Addressing the inherent challenges of variability, fault tolerance, and energy limitations in printed electronics requires robust
alternative, using simple manufacturing techniques such design strategies to ensure reliability and performance.

as gravure-printing and jet-printing, by depositing
functional inks onto flexible substrates, reducing
manufacturing costs, time, and enabling features like
nontoxicity, flexibility, biodegradability.

The main aim of this dissertation is to design and optimize printed neuromorphic circuits (pNCs) for robust, energy efficient,
and scalable applications in 10T, wearables, and edge computing. Thesis Overview
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expressed as a weighted-sum of the input:
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